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Fig. 1  Recognition accuracy on ORL face database

for FSR, SRC and FLDA algorithms
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Fig. 2 Recognition accuracy on Yale face database

for FSR, SRC and FLDA algorithms
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Tab.1 Time consuming based on ORL face database

t/s

k

SRC FSR
3 250. 87 5.00
4 313.55 27.76
5 382.10 24. 36
6 417. 30 17. 30
7 485. 00 36. 32

% 2 HEF Yale A %48 & oy 6 8 T %

Tab.2 Time consuming based on Yale face database

t/s

k

SRC FSR
3 162.13 8.02
4 200. 31 13. 89
5 225.28 20. 35
6 246. 05 29. 36
7 269. 94 38.38
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A new fuzzy sparse representation algorithm for face recognition

LI Yi"*, LIU Xiaodong"'

(1. School of Control Science and Engineering, Faculty of Electronic Information and Electrical Engineering.
Dalian University of Technology., Dalian 116024, China;
2. School of Computer and Information Engineering, Heilongjiang University of Science and Technology,
Harbin 150022, China )

Abstract: The main idea of a sparse representation-based face recognition algorithm is that an
unknown test sample is approximately represented as a linear combination of all the training samples
corresponding to the same class with it. However, the classification of faces may possess some
uncertainty, because there is a great similarity among faces and they are easy to be affected by
environmental conditions. Based on this uncertainty and fuzzy theory, a new fuzzy sparse
representation (FSR) algorithm for face recognition is proposed. Firstly, a new nonlinear function is
introduced to represent the similarity among faces. Then, based on the similarity measurement and
the nearest neighbors classifier, an adaptive fuzzy membership function is defined, which produces the
corresponding membership degree to the class. During this process, the membership degree is
sparsity. Finally, the sparse fuzzy membership degree is taken as the weight coefficients of training
samples to express test samples to restructure the test image. Utilizing MATLAB, the experiments
conducted on the ORL and Yale face databases have demonstrated the effectiveness and robustness of

the proposed algorithm.

Key words: face recognition; pattern recognition; similarity; fuzzy membership degree; sparse

representation; the nearest neighbors classifier



